Management of water resources in alluvial aquifers relies mainly on understanding interactions between hydraulically connected streams and aquifers. Numerical models that simulate this interaction often are used as decision support tools for water resource management. However, the accuracy of numerical predictions relies heavily on unknown system parameters (e.g., streambed conductivity and aquifer hydraulic conductivity), which are spatially heterogeneous and difficult to measure directly. This paper employs an ensemble smoother to invert groundwater level measurements to jointly estimate spatially varying streambed and alluvial aquifer hydraulic conductivity along a 35.6-km segment of the South Platte River in Northeastern Colorado. The accuracy of the inversion procedure is evaluated using a synthetic experiment and historical groundwater level measurements, with the latter constituting the novelty of this study in the inversion and validation of high-resolution fields of streambed and aquifer conductivities. Results show that the estimated streambed conductivity field and aquifer conductivity field produce an acceptable agreement between observed and simulated groundwater levels and stream flow rates. The estimated parameter fields are also used to simulate the spatially varying flow exchange between the alluvial aquifer and the stream, which exhibits high spatial variability along the river reach with a maximum average monthly aquifer gain of about 2.3 m 3 /day and a maximum average monthly aquifer loss of 2.8 m 3 /day, per unit area of streambed (m 2
| INTRODUCTION
Exchange of water between groundwater systems and surface water systems can have a significant impact on biogeochemical nutrient cycling in the hyporheic zone (Frei, Fleckenstein, Kollet, & Maxwell, 2009; Kurtz, Hendricks Franssen, & Vereecken, 2012) , riparian zone ecology (Cey, Rudolph, Aravena, & Parkin, 1999) and processes (e.g., vegetation growth and nutrient flux), environmental flows and associated habitat quality, mass flux of solutes between aquifer and streams (Hussein & Schwartz, 2003; Kalbus et al., 2007) , and the general water balance of the stream-aquifer system (Frei et al., 2009; Kurtz et al., 2012) . For the latter, water management practices can be dependent on groundwater-surface water exchange, for example, significant groundwater recharge in losing reaches of a stream or stream depletion due to nearby alluvial groundwater pumping (Chen & Shu, 2002; Glover & Balmer, 1954; Jenkins, 1968; Miller, Durnford, Halstead, Altenhofen, & Flory, 2007; Sophocleous, Antonis, Martin, & Perkins, 1995) .
Fluxes between groundwater and surface water, either through groundwater discharge to streams or stream water seepage into aquifers, are governed by the position of stream stage with respect to the water table, the geometry and position of the stream channel within the alluvial plain, and the hydraulic properties of the aquifer and the streambed (Cardenas, Bayani, Wilson, & Zlotnik, 2004; Woessner, 2000) . Of these, hydraulic conductivity (K s ) of streambed sediments along the aquifer-stream interface often is the principal control, with highly spatially variable exchange fluxes (sometimes on the order general, assuming complete or partial spatial uniformity in streambed K s can yield erroneous estimates of groundwater discharge and stream flow depletion (Kurtz, Hendricks Franssen, Brunner, & Vereecken, 2013; Lackey, Neupauer, & Pitlick, 2015) , with important implications for water management in coupled stream-aquifer systems. As such, a key objective in investigating groundwater-surface interactions is an accurate estimation of spatially varying streambed K s along a river reach.
Numerous methods have been employed to estimate spatially variable streambed K s , with the overall goal of providing reliable estimates of exchange flux in space and time. These methods include:
permeameter tests and seepage meters (Avery, 1994; Duff, Toner, Jackman, Azanzino, & Triska, 2000; Paulsen, Smith, O'Rourke, & Wong, 2001 ); electrical resistivity surveys of streambed sediment (Nyquist, Freyer, & Toran, 2008) ; streambed temperature mapping, vertical temperature profiling, and heat transport modeling (Becker, Georgian, Ambrose, Sinischalchi, & Fredrick, 2004; Fryar, Wallin, & Brown, 2000; Keery, Binley, Crook, & Smith, 2007; Kurtz, Hendricks Franssen, Kaiser, & Vereecken, 2014; Silliman & Booth, 1993; Silliman, Ramirez, & McCabe, 1995; Vogt et al., 2010) ; water balance approaches (Krause, Bronstert, & Zehe, 2007) ; and the use of numerical groundwater models (Morway, Gates, & Niswonger, 2013) or coupled surface-subsurface hydrologic models (Frei et al., 2009) . For numerical models, streambed K s is varied spatially to provide matches between observed and simulated hydraulic head data and stream stage data.
As highlighted in recent studies, there is a need to assess streambed K s at larger scales (i.e., longer reaches of streams; Frei et al., 2009) while still targeting sufficient spatial resolution (Fleckenstein, Krause, Hannah, & Boano, 2010) .
As an alternative to these methods, numerical hydrologic modeling coupled with data assimilation methods can be used to estimate spatially varying streambed K s along the stream-aquifer interface.
Data assimilation methods such as the Kalman Filter and variants such as the ensemble Kalman filter (EnKF; Burgers, van Leeuwen, & Evensen, 1998; Evensen, 1994) and the ensemble smoother (ES; van Leeuwen & Evensen, 1996) have been used in numerous hydrologic studies to estimate aquifer hydraulic conductivity and transmissivity (Alzraiee, Baú, & Elhaddad, 2014; Chen & Zhang, 2006; Hantush & Marino, 1997; Hendricks Franssen & Kinzelbach, 2008) , first-order reaction rates of solutes (Bailey & Baù, 2011; Bailey, Baù, & Gates, 2013) , and aquifer dispersivity (Liu, Chen, & Zhang, 2008) . In these methods, system-response variables (e.g., groundwater hydraulic head and groundwater solute concentration) and system parameters (e.g., streambed conductance and hydraulic conductivity field) are jointly updated by incorporating field observations into the model output.
Several recent studies (Hendricks Franssen et al., 2011; Kurtz et al., 2012; Kurtz et al., 2013) , all applied to the Limmat aquifer system near Zurich, Switzerland, have used the EnKF to jointly update aquifer hydraulic conductivity, K a , and streambed K s . Using a variably saturated groundwater flow model with stream-aquifer interactions, Hendricks Franssen et al. (2011) and Kurtz et al. (2012) estimated stream leakage coefficients in five zones by assimilating hydraulic head data, with the latter study estimating temporal-varying stream bed K s . Kurtz et al. (2013) estimated stream bed K s in a synthetic system in settings of varying degrees of heterogeneity, ranging from two K s zones to a fully heterogeneous system wherein each stream node received a different value of K s .
The overall objective of this study is to jointly estimate the spatial variability of streambed conductivity, K s , and aquifer conductivity, K a , at relatively high resolutions (1000 ft or 304.8 m) within a regionalscale river-aquifer system using historical data. Specifically, the ES (van Leeuwen & Evensen, 1996) is used to estimate spatially varying fields of aquifer K a and streambed K s within a 35.6-km reach of the South Platte River in Northeastern Colorado via assimilation of time series of hydraulic head data from nearby observation wells. Following a demonstrative example using synthetic head data, historical measurements are used to estimate the parameter fields. The performance of the parameter inversion is evaluated using historical data from observation wells not used in parameter estimation, and the posterior uncertainty in the predicted stream-aquifer flux exchanges is quantified.
To our knowledge, this is the first study to use an ES to assimilate historical hydraulic head data to estimate and corroborate strongly heterogeneous streambed K s and aquifer K a . The methodology presented herein can be transferred to stream-aquifer systems in other alluvial river valleys. 
where Q sa is the water exchange flow rate between a given section of the stream and the local aquifer [ To simplify the illustration of inverse modeling for this problem,
consider the following generic model that relates an observable vector
where d is n d × 1 vector that encompasses predicted states (e.g., hydraulic heads h t x ) at a set of observable spatial locations x and times t; m is a vector with dimension n m × 1 that encompasses system parameters that controls observable states; and G is a generic flow model that maps input parameters to observable states.
In this study, we assume that uncertainty in stream-aquifer interaction is mainly attributed to the unknown streambed K s and aquifer K a fields. Other factors affecting the interactions, such as groundwater stresses and boundary conditions, are determined from field measurements and the calibrated regional model as discussed in subsection 4.1.
Thus, the vector of parameters to be determined can be written as
Inverse modeling of high-dimensional parameters is usually affected by the problem of nonuniqueness (Beven, 2001) , which occurs when a small number of observations are used to estimate a larger number of system parameters. For this situation, an infinite number of solutions to the inverse problem are possible. More realistically, all possible parameter solutions fitting to a probability distribution function (PDF) conditional to a set of observations may be described using Bayes' law: 
where b m is the mean of the posterior Gaussian PDF of system parameters, C md is an n m × n d matrix that describes the cross-covariance between system parameters and observable states, C dd is the autocovariance matrix of the observable states and has a dimension of n d × n d , and b C m ∈n m ×n m is the posterior covariance matrix of system parameters.
In practice, the assumptions of model linearity and parameter Gaussianity restrict the wide applications of this formulation. Additionally, it is computationally intensive to compute the parameter-state cross-covariance matrix for high-dimensional models. Evensen (1994) proposed an ensemble-based formulation of the Kalman Filter for high-dimensional problems. In this formulation, the prior PDF is approximated using an ensemble of parameter-state realizations produced through a Monte Carlo simulation by
where N is the number of realizations in the ensemble and X p is the parameter-state forecast (prior) matrix with dimensions (n m + n d ) × N.
Using this matrix, the prior ensemble covariance matrix can be calculated as
where b X p is a matrix with dimension (n m + n d ) × N where each column is the prior ensemble mean vector. Following Equations 4 and 5, the update forecast matrix and update covariance matrix can be written as follows:
where X u is the update parameter-state matrix, D is the perturbed measurements matrix with dimension n d × N, H is a binary matrix (n d × n m ) that is used to extract model predictions at locations and times of observations data, C u is the update covariance matrix, and I is the identity matrix. Φ is the so-called Kalman gain matrix (n m × n d ), computed as
In Equation 10, R is the covariance matrix n d × n d of measurement errors computed from uncorrelated error realizations generated from For this situation, it is straightforward to expand the EnKF to the ES (van Leeuwen & Evensen, 1996) that assimilates all available measurements from any time into a single update step. To implement the ES, the forecast matrix incorporates parameters and model responses at all observable locations and times as follows:
The forecast matrix in Equation 11 is used to calculate the spatiotemporal cross-covariance matrix using Equation 7. Similar to the EnKF, Equations 8 to 10 can be used to achieve the update in ES. 
| Numerical experiments
Implementing data assimilation techniques for system parameter estimation is performed in two stages: a forecast or simulation stage and an update or assimilation stage.
In The stationary means of the two fields are μ y and μ z . Table 1 summarizes the geostatistical properties of the two fields.
In this study, a spherical covariance function is assumed for both C yy and C zz , yet other covariance functional forms can also be used. The number of generated realizations for both K s and K a fields is 500.
The range of spatial variability of the specific yield is typically narrow, thus this parameter is assumed homogenous with a value of 0.2 (CDM Smith, 2013).
In the second stage (update), the system parameters and states are updated using Equations 8 and 9. The updated ensemble can be used to quantify the uncertainty in posterior estimates.
Two sets of experiments are performed in this study ( Table 2) and K a fields using only hydraulic head data.
To evaluate the performance of inverse parameter estimations in experiment A, we compared the estimated parameter fields with referenced ones using two performance statistics: (a) the mean absolute Comparison between the reference streambed conductivity field and the mean of the updated ensemble of streambed conductivity field using synthetic hydraulic head data only the uncertainty in water table elevation (because stream-bed elevation can be directly measured and stage variability is typically small at the site), the uncertainty of flux depends largely on the adjacent aquifer head field, which is controlled primarily by the spatial distribution of K a . That is to say, the exchange flux rates between the aquifer and the river are governed mainly by the aquifer hydraulic head data. However, this situation is likely unrealistic because other sources of uncertainty, for example, of conceptual and structural nature, can contribute to the prediction errors. Figure 5 shows the reference K a field and the mean of the updated K a ensemble. A visual comparison shows that the two fields are very similar in values and spatial distribution. Figure 6 shows a scatter plot of the estimated and reference field with a 1-1 line. The correlation between the two fields is high with r = 0.98 and L 1 = 0.153 indicating a high performance of the ES in estimating the reference K a field. It is important to recall that the hydraulic stresses used to generate the synthetic measurements are the same as those used to generate the realizations in the forecast state-parameter matrix, that is, the discrepancy between the prior head ensemble and the synthetic measurements comes in this case only from the unknown system parameters.
FIGURE 4
Scatter plot comparing the reference streambed K s field values and the mean of the updated ensemble of streambed K s values estimated by assimilating synthetic hydraulic head data
Comparison between (a) the reference aquifer conductivity field and (b) the mean of the updated ensemble of aquifer conductivity fields, by assimilating synthetic hydraulic head data It is worth recalling that these results rely on the assumption that K s is constant with time. A number of studies have shown that this is not always the case, as flood events and streambed erosion might introduce changes in magnitudes and spatial distribution of K s (Cardenas et al., 2004; Springer, Petroutson, & Semmens, 1999) . In this respect, the K s estimates shown in Figure 8 truly represent "effective" 
| Validation of assimilation results (experiment B-2)
As indicated in subsection 4.2, available observation data consist of groundwater hydraulic head time series at 16 observation wells and streamflow at a stream gauge located 6 km from the upstream end of the model domain. In experiment B-2, half of the hydraulic head data and the streamflow data are used to validate the updated K a and K s fields. To do so, we simulated the mean of the update ensembles of K s and K a to predict the hydraulic head at the locations and times of observed heads and the streamflow at the site of the stream gage. Figure 11 shows the comparison between the simulated and observed heads. The correlation between observed and simulated head is r = 0.99 and L 1 = 1.50, indicating good performance of the inversion process.
In a similar manner, the simulated and observed stream flow at the stream gage is shown in Figure 12 . Figure To explore the impact of not calibrating the spatial variability of streambed K s , we used the ES to recalibrate the aquifer conductivity field (K a ) assuming spatially constant streambed K s equal to the posterior average streambed conductivity (K s ) estimated in experiment B1.
In this calibration experiment, the forecast is achieved by simulating an ensemble of spatially variable K a realizations, whereas the streambed K s is assumed to be spatially constant and deterministic ( ln K s À Á ≈−0:008). The recalibrated conductivity field K 0 a is compared to the conductivity field K a estimated in experiment B1 (Figure 7a ).
The spatial variability of the difference between the two fields Figure 13a , whereas Figure 13b compares between the observed hydraulic heads and the simulated heads using K 0 a field. Erroneously, disregarding the calibration of the K s field produces a suboptimal estimation of K a field that compensates for this 
| SUMMARY AND CONCLUSIONS
This study implemented data assimilation of groundwater level measurements using the ES to estimate the spatial heterogeneity of both spatially varying streambed and hydraulic conductivity along a 35.6-km reach of the South Platte River in Northeastern Colorado. The two fields were parameterized using cellblocks with sizes of 304.8 m square. Two numerical experiments were conducted to explore the performance of data assimilation: (a) assimilating synthetic data and (b) assimilating historical groundwater levels from 16 observation wells. In the synthetic experiment, assimilated groundwater head measurements were obtained from known streambed and aquifer hydraulic conductivity fields, with measurements having the same spatial locations and temporal frequencies as the historical data. In assimilating the historical head data, half of the available groundwater level measurements is used in the assimilation, and the other half and streamflow measurements is used to evaluate the accuracy of the estimated fields.
Results show that the ES reproduces the synthetic streambed and aquifer hydraulic conductivity fields with very good agreement to the reference fields. In assimilation of historical data, results show that simulated groundwater levels and stream flow rates using the estimated streambed and aquifer hydraulic conductivity fields are in reasonably good agreement with observed data. The posterior ensemble means of estimated K s and K a fields were used to estimate the spatial variability of stream-aquifer flux exchange, which show high degree of Panel a shows the spatial variability of the difference between the calibrated K a field wherein streambed K s is calibrated and K a where streambed K s calibration is disregarded, Panel b shows the scatter plot that compares between the observed hydraulic head measurements and the simulated hydraulic head obtained by simulating the recalibrated K a field spatial variability. Although applying data assimilation to estimate the parameters of groundwater systems is still limited in practice, this work shows that the approach can provide a reliable and computationally affordable inversion tool, and the methods described in this paper can be applied to other stream-aquifer systems.
